Publisher final version (usually the publisher pdf)
Introduction
Assessing the dimensions and attenuation values of airway walls from Computed Tomography (CT) images is important in the investigation of airway remodelling diseases such as Chronic Obstructive Pulmonary Disease (COPD) [4] . Manual measurements are very time consuming and subject to intra-and inter-observer variability. Automatic methods are needed to estimate the dimensions of large parts of the airway tree. Obtaining reproducible measurements is difficult because of a strong dependence on position in what is a complicated biologically and dynamically varied tree-like structure. Previous approaches have solved the problem in two steps: first a step, to segment the airways and conduct the measurements, and second a step to identify anatomical branches or match individual airway segments in multiple scans of the same subject [12, 10, 3] . The task of anatomically identifying airway branches poses significant problems even to medical experts [3] . Most automatic methods therefore do not go beyond the segmental level, resulting in 32 labelled branches [3, 12] . State of the art segmentation methods can extract many more branches reliably [7] , and intra-subject branch matching can thus increase the information available in longitudinal studies. It has been done using image registration [10] , or association graphs [12] .
A limitation of such two-step approaches is that longitudinal information is not used to the fullest. For instance branches need to be segmented in every scan in order to be matched even though a branch that is detected in one scan is most likely present in all. The proposed method improves on this by segmenting multiple scans of the same subject simultaneously. It is thus able to combine information from all time points and enables matched measurements, not just at the branch level, but locally at any point on the resulting surfaces.
Methods
An initial airway lumen probability map (section 2.2) was constructed by transferring initial segmentations of each time point to a per-subject common space constructed through deformable image registration (section 2.1). A four dimensional optimal surface graph was built from the initial probability map and used to find the inner and outer airway wall surfaces as the global optimum of a cost function combining image terms with surface smoothness, surface separation, and longitudinal penalties and constraints (section 2.3).
Groupwise Registration of Images
Prior to registration, intensity inhomogeneity due to for instance gravity gradients and ventilation differences was removed within the lungs using the NiftySeg software (http://sourceforge.net/projects/niftyseg) [2] . The approach is using a two-class expectation-maximization based probabilistic framework, which incorporates both a Markov Random field spatial smoothness term and an intraclass intensity inhomogeneity correction step.
All registrations have been performed with a stationary velocity field parametrisation and using normalised mutual information as a measure of similarity with the NiftyReg software (http://sourceforge.net/projects/niftyreg) [8] . For each subject, all time points were aligned to the Frechet mean on the space of diffeomorphisms, thus providing a common space for analysis and a one-to-one mapping between time points.
Initial Segmentation
An initial airway lumen segmentation was obtained in each individual image using the Locally Optimal Path (LOP) approach of [6] . Segmentations from every scan of the same subject were then warped to the subject-specific groupwise space and averaged, giving a lumen probability map. By thresholding this using some value T , it is possible to move freely between the intersection and union of the segmentations, weighting the amount of included branches against the amount of false positives. Disconnected components were connected along centrelines extracted from the union segmentation using the method described in [7] . The voxel based initial segmentation was then converted to triangle mesh with vertices V and edges E, using the marching cubes algorithm.
Graph Construction
This section describes how a graph G = (V, E) can be constructed, such that the minimum cut of G defines the set of surfaces
. . , O N } are the inner and outer surfaces of the N scans of the subject. The graph is similar to that of [11] , the differences being the addition of the longitudinal connections and hard constraints.
The vertices of the graph are defined by a set of columns V m i one for each vertex i ∈ V of the initial mesh and sought surface m ∈ M , and a source s and a sink vertex t. As in [11] we will let the columns be defined from sampled flow lines traced inward and outward from i ∈ V. Because they are non-intersecting, the found solutions are guaranteed to not self-intersect. Tracing is done within a scalar field arising from the convolution of the binarised initial segmentation with a Gaussian kernel of scale σ. Sampling is done at regular arc length intervals relative to i until tracing is stopped due to flattening of the gradient, giving I i and O i inner and outer column points. So, 
To prevent degenerate cases where a column is cut multiple times and to preserve topology, the following infinite cost edges are added:
An example of these edges is given in figure 1(a) . Let f i,j,m,n (|k − l|) be a convex non-decreasing function giving the pairwise cost of both i are both part of it, then l ∈ I(i m k , j, n). Such penalties and constraints can be implemented by:
and gives the capacity of the edges as follows:
Similar to the approach of [5] , hard constraints was used to force the outer surfaces to be outside their corresponding inner surfaces and solutions to not vary more than γ and δ indices in neighbouring columns in the inner and outer surfaces as follows: 
The following pairwise cost were implemented:
p m is the smoothness penalty, defining the cost of each index the solution varies between neighbouring columns in the same surface m. q is the longitudinal penalty, defining the cost inherent in the solution for each index corresponding surfaces are separated in each column within the groupwise space. An illustration of these edges is given in figure 1 (b) and 1(c). The total edge set E is given by:
The cost functions w m k (k) were set to the first order derivative of the image intensity in the outward and inward direction of the flow line for the inner and outer surfaces respectively. We used the algorithm described in [1] to find the minimum cut.
Experiments and Results

Data
CT images and lung function measurements from the Danish lung cancer screening trial [9] were used. Images were obtained using a Multi Detector CT scanner (Philips Mx 8000) with a low dose (120 kV and 40 mAs), reconstructed using a hard kernel (D) with a resolution of approximately 0.78 mm × 0.78 mm × 1 mm. The subjects (at inclusion) were men and women, former and current smokers with at least 20 pack years smoked, between 50 and 70 years of age and thus at high risk of having COPD. We used images of 10 subjects for estimation of the parameters and evaluation of the process of merging the initial segmentations. An independent set of 374 subjects was used to evaluate the ability of the method to detect longitudinal changes in airway dimensions. From each subject 5 yearly scans were included out of which 1739 had matching lung function measurements.
Parameters and Merging of Initial Segmentations
The centrelines of the 10 subjects were moved from the groupwise space to the space of the last time point scan, in which they were manually checked using inhouse developed software. The software allows movement along the centrelines while displaying a cross-sectional view of the airway. Figure 2 (a) and 3(a) show results of varying T -significantly more branches can be found by fusing information from multiple scans (p < 0.05 for T < 0.4), while the percentage of false positives does not seem to increase much. We chose a value of T > 0.2 corresponding to branches present in at least two scans.
Parameters were estimated by aiming to penalize and constrain solutions as little as possible while still preventing noisy segmentations and the inclusion of abutting vessels. The mesh edges were roughly 0.4 mm apart and the flow lines were sampled at 0.4 mm spacings. p m was set to 15 for all m ∈ M , γ and, δ to 2 and σ to 0.7 based on visual inspection of results. Figure 3(b) shows a segmentation result illustrated at two time points.
Longitudinal Segmentation
Experiments were conducted on the images of the 374 subjects with values q ∈ {0, 20, 40} of the longitudinal penalty to assess its impact on the method's ability to detect changes in airway dimensions over time. Note that a value of 0 is similar to performing multiple independent (3D) searches, but with the added bonus that the solution meshes will have corresponding vertices. Measures of Wall Area percentage (WA%) and Lumen Diameter (LD) were computed from the average distance of the mesh vertices to the branch centreline, which was extracted from the average segmentation in the groupwise space and transformed to each individual time point. This enables accurate assessment of subtle localized changes in airway morphology, but to evaluate the performance of our segmentation to automatically derive known airway imaging biomarkers, we averaged the measures extracted in the airways of generation 3 to 6.
WA% was found to correlate significantly with lung function at each time point (Average Spearman's ρ: −0.29 ± 0.01, p < 0.0001). Different values of q did not change the results significantly. Reproducibility, quantified by correlating results at time point one with those of time point two with q = 0, was high: (Spearman's ρ: 0.95, 0.94, 0.89 and 0.85 in generation 3, 4, 5 and 6 respectively p < 0.0001). As expected, increasing q made the reproducibilities go towards 1.
Annual changes of WA% were found to be 0.31 ± 4.9 % significantly different from 0 (Mann-Whitney U test p < 0.001) with q = 0. Significance disappeared with q ∈ {20, 40} perhaps evidence that these values are over-penalizing the solutions. No correlation was found between annual changes in WA% and annual changes in lung function. This is not surprising giving the relative slow developing nature of COPD and the known poor reproducibility of lung function measurements. It is similar to what was previously reported [10] . LD is dependent on the inspiration level and investigating the method's ability to detect this dependency can therefore be used as a surrogate for a much slower pathological change. The relative change in lung volume was thus predicted from the relative change in LD in each subject. The R 2 of all the models showed significantly better fit when using higher values of q (p < 0.0001 using Wilcoxon signed rank test), see figure 2(b), indicating that the chosen longitudinal penalties can improve the ability to detect changes in the inner surface.
Discussion and Conclusion
We have presented a method for the analysis of airways designed to fully exploit longitudinal imaging data. The method, in contrast to state of the art, can use information from all time points and because it outputs surface meshes with one-to-one correspondences between vertices, enables measurements to be compared locally without the need for a separate branch matching step. A visual evaluation of the scans of 10 subjects showed the method found significantly more complete airway trees with minimal changes to the false positive percentage. Results on 1870 scans show significant correlation with lung function and highly reproducible results. Future work will have to better investigate choices for the longitudinal penalty. For instance it is possible, as indicated by the experiments, that different values are needed for the inner and outer surfaces, due to the different contrast values between lumen and wall and between wall and lung parenchyma. It should also be noted that averaging measurements over large parts of the airway tree, as done in this work, is ignoring information provided by the matched measurements, however to limit the scope of the paper we left it to future work to develop statistical models incorporating this information. Such models should, we expect, have more power to detect changes.
